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ABSTRACT 
The threats to human life and infrastructure are ever growing due to global terrorism, 
conflicts and climate change as well as the omnipresent threat of natural disruptions like 
earthquakes, volcanos, tsunamis etc. Disruptions or disasters lead to sudden changes in 
demand, production and supply. In case of such scenarios it is essential to optimize the 
utilization of available resources and avoid further wastage. In this study a model is 
presented to measure the changes in production due to changes in supply and demand of 
goods and services, and measure possible losses to industries during such disruptions. It is 
anticipated that there is a strong economic correlation of growth among the industries and 
there is a ripple effect causing losses to interdependent industries and economies in such 
scenarios. It is believed that, variability in the economy is preceded by stock market price 
fluctuations. The trend of any economy is reflected in the stock markets that it encompasses 
and these markets provide instantaneous feedback to changes in a state of normalcy. These 
stock markets have been used to study the variability in economic output of industries, and 
measure the dynamic changes in production or output of industries. The results of the study 
justify the existence of such a correlation between the gross output of industries and the stock 
indices that are related to these industries. Study of past disruptions is performed through a 
deterministic model and a stochastic model and the results obtained resonate with the 
existing estimates published by studies measuring the economic impacts of these disruptions. 
Such a study would enable governments, corporations and individual businesses to make 
informed decisions regarding the allocation of resources and contingency plans in case of 
such a disruption. The risk of monetary and market losses can be substantially reduced thus 
enabling faster recovery and higher resilience.  
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CHAPTER 1.  INTRODUCTION  
 
The world has experienced disruptions and threats of potential disruptions regularly in the 
recent past. The number of disruptions have increased exponentially (Coleman, 2006; Guha-
Sapir, et al., 2013). A disruption is a state of unbalance or disturbance that affects a system. 
When it comes to the economy or a nation, a disruption could be an event or a series of events 
causing damage to the normal functioning of these systems. Disruptions can be defined as an 
event that causes diversion from a state of the usual or expected. These can range from a wide 
selection of natural disasters or man-made disruptions like terrorism or war. These disruptions 
cause loss of life, damages to private and public property, our environment and our day-to-day 
lives. This study deals with the effects of such disruptions on economies, businesses and 
industries.  
In this study we deal with the economic impacts of such events and hence the focus 
would be towards economies and industries. Such events pose a threat of potential loss to 
economies and industries that may be affected directly or indirectly. Potential threats can be 
analyzed using principals of ‘risk analysis.’ Risk analysis or risk management has been defined 
in multiple concepts, one such definition is “The identification, assessment, and prioritization of 
risks followed by coordinated and economical application of resources to minimize, monitor, and 
control the probability and/or impact of unfortunate events” (Hubbard, D., 2009). A complete 
study of a risk analysis problem broadly should report comprehensive solutions to three 
questions “1. What can go wrong? 2. How likely is it that such a situation will occur? 3. What 
are the consequences if it occurs?” (Kaplan, S., & Garrick, B., 1981). This study is associated 
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with the economic risks of unwanted events or disruptions to interdependent industries and the 
effect of inter – industry dependence on these risks.  
 Stiehm described the post-cold war world as a more Volatile, Uncertain, Complex and 
Ambiguous or VUCA (Stiehm, J. H., 2010). The world is constantly under threats of disruptions 
to a normal way of life  
 Global economies and nations continuously strive to grow. With growth in the industrial 
sector arises a greater interdependence among industries and international economies. 
Interdependence aids in swift and stable growth but also is a weakness because such systems are 
more susceptible to loss if any of the entities face damages due to disruptions. The average cost 
of natural disruptions has increased from $50 billion in the 1980s to $200 billion in the recent 
years and approximate losses worth $1.5 trillion were incurred during 2003 to 2013 (Al Kazimi, 
A. & MacKenzie, C., 2016; Associated Press, 2014).  
 With such catastrophic consequences it is essential that governments and corporations 
make efforts towards mitigating the risks of such events in order to reduce the losses and 
safeguard life. In this study, we put forth a statistical model to predict the losses incurred by 
industries due to direct and indirect impacts of disruptions. The model will enable stakeholders 
to make better and informed decisions for resource allocation and preventive measures. A unique 
approach of quantifying future losses in output of industries that might be incurred after the 
occurrence of such an event using the stock market returns as an indicator has been employed.  
 Hence motivation of this study is to identify and exploit the relation between the stock 
market prices and industrial production to better predict losses due to disruptions and reduce the 
recovery period and costs. Chapter 2 of this thesis introduces the model with case examples of 
past disruptions. Chapter 3 discusses the summary of the research and future work.  
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CHAPTER 2. ESTIMATING PRODUCTION LOSSES FROM DISRUPTIONS BASED 
ON STOCK MARKET RETURNS: APPLICATIONS TO 9/11 ATTACKS, THE 
DEEPWATER HORIZON OIL SPILL, AND HURRICANE SANDY 
 
1.  Introduction 
We live in a world threatened by various disruptions, both natural and manmade. These 
disruptions can cause fatalities, injuries, infrastructure and environmental damage, and lost 
business. Unfortunately, the frequency and damages from these disruptions seem to be 
increasing. The global cost of natural disasters has risen from approximately $50 billion in the 
1980s to $200 billion per year in the 2010s (Al Kazimi, A. & MacKenzie, C., 2016; Associated 
Press, 2014). The global economy is an interconnected web of industries, governments, 
businesses, and people, and it functions by exchanging goods, services, and money among these 
parties. Consequently, when a disruption strikes a specific region or directly impacts a specific 
sector or industry, the economic impacts of the disruption can extend beyond that region or that 
sector of the economy. Developing models that quantify and predict the interdependent 
economic impacts of a disruption is important in order to understand the total cost of these 
disruptions. Quantifying the cost from a disruption can be used to determine what mitigation 
actions should be taken and how much should be spent in order to prepare and respond to the 
disruption. 
Disruptions can affect both the production or output and demand for industries or sectors 
in the economy. Interdependent industries can also be affected even if they do not suffer physical 
damages. The economic input-output (IO) model developed by Leontief (1951ab) is one of the 
most popular frameworks for quantifying the economic impacts of disruptions (Van der Veen 
and Logtmeijer, 2005; Santos, 2006; Lian and Haimes, 2006; Hallegatte, 2008; Okuyama, 2010; 
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Rose and Wei, 2013). The loss in output from sectors that are directly impacted by disruptions 
(e.g., physical damage to buildings) spreads to interdependent sectors through forward or 
backward linkages which intensifies the original loss (Rose, 2004; Okuyama and Santos, 2014). 
The cost of a disruption can be divided into two parts direct losses and indirect losses also known 
as higher order effect. These are calculated mostly using macroeconomic multipliers for both 
direct and indirect effects, which are quantified using empirical relations estimating the 
economic activity.  
Several models have extended the basic demand-driven IO model to quantify the impact 
of disasters. The Inoperability IO Model (IIM) quantifies the loss in production or output of each 
industry by calculating the inoperability of an industry (Haimes and Jiang, 2001; Santos and 
Haimes, 2004). In addition to IO models, computable general equilibrium models and social-
accounting matrices have also been used to assess the economic impacts from disruptions.  
One challenge with these economic impact models has been to quantify the dynamic 
impacts of a disruption by correctly analyzing the length of time for the indirect impacts to flow 
throughout the economy. The Dynamic Inoperability IO Model (DIIM) uses a “resilience” 
matrix that describes how quickly the economic industries recover from a disruption (Lian and 
Haimes, 2006) or how quickly the economy reaches equilibrium (MacKenzie et al., 2012a). 
Many economic disaster impact studies based on IO models also assume the same underlying 
supply and demand mechanisms that exist at the equilibrium state before a disruption remain 
constant during and after disruption. For example, if an industry requires 20 cents in goods and 
services from a second industry for every dollar that the first industry produces at equilibrium, 
then IO models assume this relationship remains the same during the disruption. CGE models, 
discussed in the following section, provide more flexibility by allowing for price changes and 
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substitution effects, but estimating the parameters for a CGE model can be very difficult and the 
CGE model might overestimate the ability of consumers and producers to substitute other goods 
and services during a disruption (Rose and Liao, 2005; Okuyama, 2008). Other studies allow a 
region to use imports to replace lost production during a disruption (MacKenzie et al., 2012b).    
This paper proposes a new model to quantify the dynamic economic impacts that does 
not rely on equilibrium assumptions that may not be valid during a disruption. The model 
estimates production losses due to a disruption based on stock market activity following a 
disruptive event. The model assumes the stock market indices for specific industries reflects 
production in those industries. Fama (1990), Choi et al. (1999), Barro (1990), Ferson and Harvey 
(1991), Schwert (1990) discuss the relation of the stock market with the gross output or revenue 
of any industry especially in the United States market as well as in the international markets.  
The model uses regression analysis to model the relationship between stock market 
activity and each industry in the U.S. economy. The stock market reacts to a large disruptive 
event, such as a terrorist attack, a large-scale industrial accident, or a natural disaster. If the stock 
market reflects to some extent the economic activity, such as production or demand (Fama, 1990; 
Choi et al., 1999; Barro, 1990; Ferson and Harvey, 1991; Schwert, 1990), after the disruption, 
then using stock market prices to assess the impact on production in the economy is justified. 
This paper introduces two new modeling approaches for disaster impact studies. The first model 
uses five stock market indices to predict weekly production for each industry in the U.S. 
economy. The weekly production for each industry following three recent disruptions is 
calculated based on the regression model. The second model focuses on the production for each 
industry for which a stock market index exists. After using regression to predict the production 
for each industry based on the industry’s own stock market index, Monte Carlo simulation is 
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used to analyze the uncertainty in production after a disruptive event. This model calculates the 
correlation in the stock market indices to induce correlation (i.e., interdependence) in the 
simulated production output.   
The uniqueness of this approach is the use of stock market returns to estimate economic 
losses from a disruption. Many studies like Chen et al. (1986), Cheug and Ng (1997), Rappaport 
(1987), Fama (1981), and Choi et al. (1999) discuss the relation among the stock market and the 
industrial output or put forth forecasting models. The model uses weekly stock market prices, 
and the output is weekly production of national industries. Thus, the model inherently captures 
dynamic elements and can be used to examine how long industries recover after a disruption, 
which is a difficult modeling challenge. Since the model predicts economic activity for multiple 
industries, the model can be used to explore the interdependent economic impacts from the 
disruption. Using correlation in industrial stock market indices to represent the interdependence 
among industrial sectors represents a novel contribution. The model is applied to three recent 
disruptions: the 9/11 attacks, the Deepwater Horizon oil spill, and Hurricane Sandy. First, the 
five stock market indices quantify the national economic losses for each of the 15 industries in 
the U.S. economy. Second, the model uses these disruptions to measure the interdependence 
among a subset of industrial sectors. It simulates the relationship for these industries for the three 
disruptions in order to understand the range of possible impacts for similar disruptions.  
The rest of the paper is structured as follows: Section 2 reviews the relevant literature 
including economic impact models and interpretations of the stock market. Section 3 introduces 
the methodology used for the deterministic approach and the stochastic approach. Section 4 
discusses the data collection techniques and the data structure. Section 5 put forth the analysis of 
pilot studies of past disruptions using both techniques. Section 6 is a discussion section for the 
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results of the analysis followed by section 7 which concludes the findings and discusses the 
further scope of the study.  
2.  Literature Review 
The economic IO model developed by Leontief (1951ab) describes the economic 
interdependence among industries by determining the amount of goods and services required by 
each industry. The original IO model is demand driven. For each dollar of good or service 
demanded by the final consumer, an industrial sector requires inputs and supplies from other 
sectors in the economy. If demand for one industry decreases, the industrial sector requires fewer 
inputs from other industrial sectors, and consequently, the entire economy produces less (Miller 
and Blair, 2009). IO models are widely support by data collection efforts across the globe. In the 
United States, the Bureau of Economic Analysis (BEA) is responsible for collecting and 
publishing national IO data, and private corporations provide local and state IO data. The BEA 
data represents the IO accounts of industries classified under the North American Industry 
Classification System (NAICS) code.  
The basic structure of the IO model has been extended in a variety of ways to capture 
time and different regions (Miller and Blair, 2009). Regional IO multipliers quantify the impact 
of demand changes within a region (Isard et al., 1998; Bess, Ambargis, 2011). IO models have 
been used frequently to assess the economic impacts from disruptions (MacKenzie et al., 2012b; 
Hallegatte 2008, 2014). As discussed earlier the IIM defines the industry’s inoperability as the 
degree to which an industry is not producing compared to its normal operations or production. 
The IIM is a linear model that calculates the inoperability in each industry based on the initial 
inoperability induced by a disruption (Haimes and Jiang, 2001). This model and its modifications 
have a varied set of risk analysis applications like terror attacks (Haimes et al., 2005a, b), 
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workforce disruptions (Orsi and Santos, 2010a; Barker and Santos, 2010b), cyber security 
(Andrijcic and Horowitz, 2006; Dynes et al., 2007), oil spills (MacKenzie et al., 2016), and the 
closure of inland waterway ports (Pant et al., 2011; MacKenzie et al., 2012a). 
A variation of the IIM is the Dynamic Inoperability Input – Output Model (DIIM) which 
is based on the dynamic Leontief (1970) IO model (Lian and Haimes, 2006) considers the 
dynamic changes in production from a disruption by relating production in one time interval to 
production in the next time interval. The model quantifies changes in demand and the time 
required by industrial sectors to recover from a disruption. The model considers the resilience of 
industrial sectors to disruptions as a key parameter of the recovery period. These coefficients are 
computed using historical data and expert opinions (Lian and Haimes, 2006). Studies researching 
the varied applications of the DIIM have been published since the inception of the model. the 
recent studies include modelling of economic losses due to man-made attacks on the IT sector 
(Ali and Santos, 2015), the use of the DIIM to model the losses in regions affected by water 
shortages and droughts and to identify critical sectors affect due to water shortages (Pagsuyoin 
and Santos, 2015) and economic losses to industrial sectors and inoperability of sectors due to 
influenza epidemics causing shortages in the workforce (Santos, May & Haimar, 2013). 
However, estimating parameters for this resilience matrix is difficult, and the suggested 
mathematical methods (MacKenzie and Barker, 2013; Pant et al., 2014) rely on assumptions that 
are difficult to validate.  
The Computable General Equilibrium (CGE) uses some of the principles of IO modeling 
but allows for non-linear relationships due to price changes, import substitutions, and supply 
constraints (Okuyama and Santos, 2014; Rose and Liao, 2005). The Social Account Matrix has 
fixed coefficients which result in relationally higher estimates for disasters (Okuyama, 2007; 
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Cole, 1995, 1998, 2004). The Adaptive Regional IO model (Hallegatte, 2008; 2014) measures 
changes in production capacity over time based on capital losses and bottlenecks in the 
production process, but the dynamic element in this model is driven by the change in demand 
over time and does not seem to account for possible lags in the indirect impacts. 
 According to Chen et al. (1986), stock markets are representations of “systematic 
economic news” and their behavior is based on the outcomes in these news findings. The news 
can be quantified in terms of few driving variables to analyze the behavior of stock process. 
These variables include industrial production, risk premiums, inflation and changes in inflation 
levels (Chen et al., 1986). Cheug and Ng (1997) prove an empirical relation between the stock 
market indexes and variables like output of an industry. The efficiency of a stock market is the 
its ability to represent the real economic activity. It is believed that even though markets do 
respond to investor sentiments, the core driving force of the stocks are the news about the real 
activity. The investments made by traders based on sentiment, also known as ‘noise traders’ is 
often compensated by the investments made due to mistaken judgements. Thereby suggesting 
that the market is not affected by sudden noise but by informed investment decisions (Morck et 
al., 1990). Alfred Rappaport suggests that the stock market price is a representation of the 
investors’ expectations of a company, and whether they have been fulfilled or not, which are 
based on the information that the company makes available (Rappaport, A., 1987). This paper 
analyzes the economic effects of disruptions on industries based on the variation in the stock 
prices according to sector indices. Other papers analyze the relation between the stock market 
and economic production. According to Fama (1981), the variations in stock returns show a 
strong relation to the growth rate of industrial production and anticipated growth rates in the near 
future. Choi et al. (1999) suggest that log levels of production output and stock prices are 
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correlated in G-7 nations over a short time period. Santos and Haimes (2008) demonstrate that 
diversifying a stock portfolio using a model based on the interdependencies among the industries 
as given by the IO model is more resilient to aberrant markets due to some anomaly. 
 This paper diverts from the traditional IO model of measuring the interdependent 
economic impacts from disruptions based on social accounting matrices. By statistically 
measuring the relationship between stock market indices and industrial production, we allow the 
model to capture the interdependence of industries through the correlation in stock market 
indices. Stock market prices provide a rich source of data that can supplement annual BEA 
production data. Since the interdependence among industries and the changes over time are 
driven by the stock market indices, the model is inherently interdependent and dynamic. Since 
the model is based on a linear regression, it alleviates the need to estimate many parameters 
which is necessary for CGE and some IO models such as the Adaptive Regional IO model 
(Hallegatte, 2008; 2014). 
3.  Methodology 
The methodology presents two models based on stock market prices. The first model is a 
deterministic model in which weekly prices from industrial stock market indices are used to 
calculate weekly production for each industry in the economy. The second model is a stochastic 
model in which the weekly production for a subset of industries follow a multivariate normal 
distribution in which the parameters of the multivariate distribution are calculated based on the 
prices of each stock market index. Each model is derived using linear regression. 
 3.1 Deterministic model 
 To predict the loss in production based solely on the historical output data and input stock 
prices the use of a deterministic method is considered. The relation between the production or 
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output of any one industrial sector and its corresponding stock market prices is established. As 
discussed earlier, many studies suggest a strong correlation of the stock price with the production 
output of an industry. Studies like Fama (1981), make use of regression models to justify the 
relation between stock prices and real variables like production, cash flows, gross national 
product and the growth rates of these variables. Fama (1990) defines a linear relationship 
between weighted lagged stock market returns and the production. While, Choi et. al. (1999) 
define a log – linear relationship between the stock prices and industrial production. It was found 
that linear regressions were better fits than log – linear regression. Thus this model makes use of 
linear regression method to justify the hypothesis. 
Consider an industrial sector i among 𝑛 industrial sectors, and let the production output 
for sector i for time period t be denoted by	𝑋$%. The production 𝑋$% is a linear function of the 
stock market index prices for l industries where 𝑝'% is the stock market index price at time t for 
sector j, where	𝑗	 = 1,2, … ,𝑚. The linear coefficient relating the stock market price index of 
sector j to the production in sector i is 𝑎$' and 𝑏$ is the intercept. The production is sector i at 
time period t is:  
 𝑋$% = 	 (𝑎$'2'34	 𝑝'%) + 𝑏$ (1) 
The regression coefficients 𝑎$' and 𝑏$ will be calculated based on the historical index prices of 
the m sectors and the annual production of sector i.  
Industry i's production may decline after a disruptive event. We assume the production at 
the time step immediately before the disruptive event, 𝑡 = 0, represents the baseline production, 
and the loss in production at time 𝑡 for industry 𝑖 𝐿$% is the difference in production at time 𝑡 and 
time 0:  
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 𝐿$% = 	𝑋$; −	𝑋$% (2) 
This formulation enables us to calculate the loss in production for industry 𝑖 at each time 
increment.  
 It is also necessary to estimate the time when the industry has recovered from the 
industry. Recovery could be defined as the first time period for which	𝑋$% > 𝑋$;. However, since 
production for each industry is a function of the stock market index prices and these indices can 
fluctuate wildly, production in industry i can be more than 𝑋$; for one period and then decrease. 
Thus, we decide to require more stability in the definition of recovery, and calculate the recovery 
time as the number of time periods until 𝑋$% > 𝑋$; for three consecutive time periods. This is a 
model choice that influences the total production losses. The numerical example shows how the 
total production losses changes if recovery is defined as one consecutive period and two 
consecutive periods for which	𝑋$% > 𝑋$;. 
3.2 Stochastic model 
 Since stock market index prices are obviously an imperfect predictor of actual industry 
production, the second model is a stochastic model to depict the uncertain relationship between 
the stock market and industry production. The stochastic model also explicitly models the 
interdependence between industries through a covariance matrix as estimated from the stock 
market index prices. 
 The stochastic model contains m industries and a stock market index price is available for 
each of the m industries. Due to this requirement, the stochastic model has fewer industries than 
the deterministic model because not every industry in the economy has a corresponding stock 
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index price. The production of all m industries at time t, 𝐗% (an m-dimensional vector) follows a 
multivariate normal distribution 
 𝐗%	~	𝑁 diag(𝐚)𝐩% + 𝐛,Σ  (3) 
Where	𝐩% is a m-dimensional vector of stock market prices at time t; 𝐚 and 𝐛 are vectors of 
length m in which 𝑎$ is the slope and 𝑏$ is the intercept; and Σ is the covariance matrix. The 
parameters 𝑎$ and 𝑏$ are calculated via least-squares estimation of the following relation: 
 𝑋$% = 	𝑎$𝑝$% + 𝑏$	+	𝑒$ (4) 
Where 𝑒$~𝑁(0, 𝜎$K) is the error term. Since 𝑎$ and 𝑏$ are estimated using least-squares 
regression, the variance around observed values of production is equal to	𝜎$K and the standard 
error from the regression results is the estimated value of 𝜎$. A predicted value of production at 
time 𝑡 for an individual observation will have variance (Draper and Smith, 1998): 
𝜎$K 1 + 1𝑇 + 𝑝$% − 𝑝$ K𝑝$M − 𝑝$ KNM	3	4  
Where 𝑇 is the total number of data points used in the least-squares model and	𝑝$ is the average 
stock price over the time period . Since 𝑇 is very large in the model and each 𝑝$% makes a very 
small contribution to the overall sum of squares, the equation for variance for a predicted value is 
approximately equal to	𝜎$K. For simplicity, we use 𝜎$K as the variance around the predicted 
production values. 
 We assume the correlation between production values equals the correlation between the 
stock market index prices. If stock market indices 𝑖 and 𝑗 have correlated prices equal to	𝜌$', the 
production values for industries 𝑖 and 𝑗 have correlation	𝜌$'. The covariance between industries 𝑖 
and 𝑗 is	𝜎$' = 	𝜌$'𝜎$𝜎'. This provides the necessary estimation for the covariance matrix	Σ. The 
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stochastic model is used to simulate a large number of possible production values given a set of 
stock market index prices. 
4. Application 
Both of the deterministic and stochastic models are applied to three recent disruptions in 
the United States: the 9/11 terrorist attacks in New York city on September 11, 2001, the 
Deepwater Horizon oil spill in the Gulf of Mexico on April 20, 2010, and Hurricane Sandy, 
which struck the East coast of the United States in August 2012. This section outlines the data 
used for each models, the parameter estimation, and results. The 9/11 attacks, had implications 
on the industrial productivity of the United States as more efforts and capital was invested 
towards security efforts (Makinen, 2002). The attacks amounted to a $10 billion to $13 billion 
cost to the infrastructure industry which includes the cost of restoring and rebuilding, $40 billion 
to the insurance companies, $10 billion to the airline industry and $40 billion in federal 
emergency funds were among the significant losses that are related to this study (“How much did 
the September 11 terrorist attack cost America?”, 2004). The Deepwater Horizon oil spill in the 
Gulf of Mexico is regarded among the most devastating, in terms of the aftermath and the 
volume, marine oil spills in history (Robertson and Krauss, 2010) amounting to an estimated 
economic loss of $90 billion in containment, market share and settlements to the affected 
families to British Petroleum, local businesses, and the government (Park et al., 2014). Hurricane 
Sandy is considered to be among the worst disasters affecting the eastern coast of the US causing 
losses in the range of $85 billion ("Economic Impact of Hurricane Sandy.", 2013). While another 
study estimates the losses due to Hurricane Sandy in the range of $30 to $50 billion (Holm and 
Scism, 2012). 
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4.1 Data 
The data for both the deterministic and stochastic models consist of the gross output or 
production of industrial sectors in U.S. dollars and the stock market index prices of 
corresponding sectors. The data for the gross output of industries comes from the BEA. The 
BEA publishes the annual production of 71 industries, and the industries can be aggregated into 
15 sectors as represented in Table 1. The division of the industries follows the North American 
Industry Classification System (NAICS). The stock market data, for years 2002 to 2015, is 
collected from websites: Google Finance (www.google.com/finance) and ADVFN 
(www.advfn.com) which publish historical and current stock prices of indices. Stock market 
indices, as shown in Table 1, are only available for five sectors: mining, utilities, transportation, 
information, and finance.  
Table 1: NAICS industry classification & stock market indices 
Sector Common Name Stock Index 
Agriculture, fishing, and hunting Agriculture -- 
Mining Mining Dow Jones U.S. Oil & Gas Index (DJUSEN) 
Utilities Utilities Dow Jones U.S. Utilities Index (DJUSUT) 
Construction Construction -- 
Manufacturing Manufacturing -- 
Wholesale trade Wholesale Trade -- 
Retail trade Retail Trade -- 
Transportation and warehousing Transportation 
Dow Jones U.S. Transportation Services 
Index (DJUSTS) 
Information Information Dow Jones U.S. Technology Index (DJUSTC) 
Finance, insurance, real estate, 
rental, and leasing 
Finance Dow Jones U.S. Financials Index (DJUSFN) 
Professional and business services 
Professional 
Services 
-- 
Educational services, health care, 
and social assistance 
Educational 
Services 
-- 
Arts, entertainment, recreation, 
accommodation, and food services 
Arts -- 
Other services, except government Other -- 
Government Government -- 
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These indices are selected from the Dow Jones U.S. Indices which correspond to the 
classification of businesses followed by the NAICS. The data for the stock index corresponding 
to the transportation industry is available from the year 2002 and hence in this study the 
transportation stock index has not been considered for the 9/11 attacks. 
The time increment in this study is one week in order to capture variations in the stock 
price, which the model translates into production losses in the 15 industrial sectors. The weekly 
closing prices are collected for the five stock market indices. The BEA publishes annual 
production data, and weekly production is unavailable (which is why the model relies on the 
stock market). In order to determine the parameters for the regression models, we assume that 
weekly production for each industry is the annual production divided by 52 weeks. Other 
assumptions might also be appropriate such as a linear interpolation between production amounts 
in each year.  
The industry stock market index prices generally dropped after each disruption and 
gradually returned to their pre-disruption prices. We argue the time required to recover 
economically depends on the resilience of the industry and the interdependent production effects 
among industries. For example, Figure 1a represents the stock index price of the Dow Jones Oil 
& Gas Index and Figure 1b represents the Dow Jones Transportation Services Index during the 
Deepwater Horizon Oil Spill which occurred on April 20, 2010. The closing weekly price of the 
mining sector dropped on April 22—immediately when the oil spill occurred—but the closing 
weekly price of the transportation index did not drop until a week after the oil spill on April 29. 
The decrease in the transportation index price could be because of the cascading impacts from 
the oil spill and due to investors believing that the transportation sector would encounter 
problems if the oil industry produced less.  
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According to Roll (1992), correlation and lagged response to variability in stock returns, 
especially in indices, is dependent on the composition of these indexes in the international 
market. While Roll (1992) discusses about the effect on the international market it can be 
assumed that similar effects are seen in the national market like the United States as the national 
market is composed of almost all the global multinational companies, but in such a case such an 
assumption is dependent on the configuration of the indices in consideration. Markets in 
Figure 1a: Dow Jones US Oil & Gas Index after the 
Deepwater Horizon oil spill 
Figure 1b: Dow Jones U.S. Transportation Services Index 
after the Deepwater Horizon oil spill 
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countries which are highly dependent on industrial production are more volatile and susceptible 
to international market disruptions than those which have a diversified economy (Roll, 1992). 
Hence a disruption occurring outside the United States may have a lasting impact on the local 
economy but also will cause a reaction from the United States market. 
 The five industry price indices: mining, utilities, transportation, information, and finance 
generally show reaction to the disruptive events even if an industry does not seem to be directly 
affected. For about 20 weeks after the Deepwater Horizon oil spill, the transportation sector lost 
26% in share value, the utilities sector lost 37%, the finance sector lost 25%, and the mining 
sector lost 22% in points in the stock market. 
4.2 Deterministic model   
As discussed earlier, the weekly production of each of the 15 industries is estimated using 
the simple linear regression equation (1), based on 4 industry stock market indices for 9/11 and 5 
industry stock market indices for Deepwater Horizon and Hurricane Sandy. Both regression 
models estimate the slope and intercept parameters using the same stock market data from years 
2000 to 2013 for the 9/11 attacks and years 2002 to 2013 for the Deepwater Horizon oil spill and 
Hurricane Sandy. Table 2 depicts the regression results for each of the 15 industries for the 9/11 
attacks, and Table 3 depicts the regression results for Deepwater Horizon and Hurricane Sandy. 
The regression models are significant at the 0.01 level with p-values of the F-statistics test 
smaller than 0.01 in all cases of the three disruptions. The R2 values for the latter two disruptions 
range from 0.71 to 0.96, with many of the models greater than 0.96. While the R2 values for the 
9/11 attacks regression ranges from 0.49 to 0.92, with a mean of 0.85. These large R2 values 
indicate the regression models capture a substantial portion of the variation in the BEA 
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production for each industry. Many of the coefficients are highly significant and have been 
tabulated in the Tables 2 and 3.  
Table 2: Regression coefficients for different sectors and their significance: 9/11 attacks 
Output Intercept Mining Utilities Information Finance R2 
Agriculture 
5083.81 8.94 -3.62 0.22 -3.21 
0.86 
*** ***  *** * 
Mining 
1420.38 9.65 -0.08 -0.69 -0.65 
0.49 
*** ***  *** *** 
Utilities 
5287.78 -2.43 11.75 -1.39 -0.88 
0.91 
*** ***  ***  
Construction 
13738.48 6.63 6.16 -5.67 15.16 
0.90 
*** *** * ** *** 
Manufacturing 
59955.99 70.47 2.78 3.22 -0.63 
0.87 
*** ***  ***  
Wholesale Trade 
14559.43 24.30 -4.90 -0.53 -2.00 
0.87 
*** *** ***  *** 
Retail Trade 
19220.04 20.51 -9.76 -1.10 0.18 
0.88 
*** ***  **  
Transportation 
9868.95 15.94 -0.99 -0.92 -2.23 
0.75 
*** *** *** *** *** 
Information 
19904.39 13.96 -2.43 -0.49 -5.49 
0.82 
*** *** *** ***  
Finance 
61712.07 66.90 -5.32 -13.12 0.12 
0.89 
*** *** **  *** 
Professional Services 
35568.49 46.41 0.21 -3.81 -17.78 
0.92 
*** ***  *** *** 
Educational Services 
30407.53 42.51 -12.35 -5.00 -20.88 
0.91 
*** *** *** *** *** 
Arts & Entertainment 
13862.65 16.45 -3.59 -1.69 -4.19 
0.90 
*** *** *** *** *** 
Other 
8776.28 6.13 -1.64 -0.79 -1.23 
0.91 
*** *** * *** *** 
Government 
50764.47 53.63 -7.65 -10.46 -28.30 
0.89 
*** *** *** *** *** 
* represents significant at 5%  
** represents significant at 1% 
*** represents significant at 0.1% 
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Table 3: Regression coefficients for different sectors and their significance: Deepwater Horizon oil spill and Hurricane Sandy 
Output Intercept Mining Utilities Transportation Information Finance R2 
Agriculture 
3856.1 0.89 1.84 8.15 4.67 -5.24 
0.93 
*** * ** *** *** *** 
Mining 
1164.3 4.51 5.44 7.62 -0.4 -2.55 
0.83 
*** *** *** ***  *** 
Utilities 
6455.4 4.55 5.99 -1.28 -5.94 0.39 
0.71 
*** *** ***  *** *** 
Construction 
14725 -0.08 21.97 4.72 -11.65 11.97 
0.85 
***  ***  *** *** 
Manufacturing 
52796 9.99 59.55 56.71 24.53 -17.56 
0.89 
*** * *** *** *** *** 
Wholesale Trade 
11732 1.43 16.08 19.55 8.43 -8.17 
0.92 
***  *** *** *** *** 
Retail Trade 
16166 -4.23 12.51 20.02 9.08 -6.32 
0.91 
*** *** *** *** *** *** 
Transportation 
8394.9 2.14 12.59 12.51 3.42 -6.19 
0.93 
*** ** *** *** *** *** 
Information 
17885 0.88 7.95 9.96 6.51 -8.63 
0.94 
***  *** *** *** *** 
Finance 
56015 -1.78 71.82 54.28 1.63 -20.3 
0.91 
***  *** ***  *** 
Professional Services 
30601 4.35 40.74 31.22 12.06 -28.94 
0.96 
*** ** *** *** *** *** 
Educational Services 
25021 0.05 25.52 33.43 13.18 -32.02 
0.96 
***  *** *** *** *** 
Arts & Entertainment 
11953 0.43 11.91 10.84 4.55 -8.34 
0.94 
***  *** *** *** *** 
Other 
8019.1 0.33 3.84 3.42 1.76 -2.65 
0.93 
***  *** *** *** *** 
Government 
46180 4.49 43.48 42.11 2.88 -42.87 
0.94 
***  *** *** * *** 
* represents significant at 5%  
** represents significant at 1% 
*** represents significant at 0.1% 
The largest coefficient for the production models for Deepwater Horizon and Hurricane 
Sandy correspond to the either the utilities or transportation stock market index. The coefficient 
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for the finance stock market index is often negative. Thus, the deterministic models for 
production will depend mostly on the utilities and transportation stock prices, and the finance 
market index has an inverse effect on the assessment of actual production. 
The deterministic regression results are depicted in Table 4. Total production losses for 
each of the 15 industries is calculated based on when the industry recovered. Recovery time is 
defined as the time period when the production level is greater than that of the first time period 
of the disruption and is constantly above this level for the next consecutive two time periods, 
thus making it three consecutive time periods.  
Table 4: Estimated production losses during disruptions 
* Indicates that the calculations have been stopped before the industry recovers.  
From this model, the vast majority of industries recover from the 9/11 attacks in only 3 
weeks or less, except for utilities, professional services, educational services and government. 
Thus, the largest production losses occur in these industries. Losses in industries that do not 
Sector 
9/11 Attacks Deepwater Horizon Oil Spill Hurricane Sandy 
Recovery 
Period 
(weeks) 
Production 
Loss 
(Million $) 
Recovery 
Period 
(weeks) 
Production 
Loss 
(Million $) 
Recovery 
Period 
(weeks) 
Production 
Loss 
(Million $) 
Agriculture 3 271 24 3,918 4 233 
Mining 2 149 25 5,516 6 665 
Utilities 52* 27,014 12 1,596 11 1,540 
Construction 0 0 12 1,624 12 5,295 
Manufacturing 2 1,248 24 38,894 9 9,981 
Wholesale Trade 3 404 23 9,195 9 2,207 
Retail Trade 2 295 22 3,622 9 1,218 
Transportation 3 288 22 5,192 9 1,796 
Information 3 419 22 4,245 9 1,037 
Finance 2 769 12 8,372 11 11,352 
Professional Services 52* 25,553 19 8,521 11 6,402 
Educational Services 36 20,853 13 3,606 9 2,220 
Arts & Entertainment 3 373 20 2,628 11 1,680 
Other 3 122 26 5,200 10 1,277 
Government 37 46,112 12 3,519 11 4,726 
Total  123,870  105,649  51,630 
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seem intuitive can be due to the interdependence among industries that affects the output. For 
example, according to the IO model, the manufacturing sector needs to provide $0.10 to the 
education sector, for the education sector to produce a $1 output in the year 2000. If the 
disruption affects the manufacturing sector it would lead to an effect on the education sector as 
well.  
In the Deepwater Horizon models, industries recover between 12 and 26 weeks, and the 
assessed production losses are spread out more evenly among all 15 industries. Results from the 
Hurricane Sandy models suggest that most industries recover between 9 and 12 weeks, and 
production losses are fairly evenly spread out among the 15 industries. The production losses 
attacks total $124 billion for the 9/11 attacks (due primarily to those 4 industries), $106 billion 
for Deepwater Horizon, and $52 billion for Hurricane Sandy. Thus, the model assess that the 
9/11 attacks were economically costliest among the three, which corresponds with other studies. 
Figures 2-4 present weekly production losses for each industry for the three disruptions 
studied. The vertical axis in each chart represents production losses, and negative production 
losses signify production gains. The 9/11 attacks in Figure 2 show that the utilities industry does 
not suffer production losses until 2 weeks after 9/11, but once it begins to exhibit losses, the 
losses for that industry continue for the rest of the time period. Professional services exhibit 
significant losses in weeks 10 through 20 and recovers slightly before suffering more losses 
beginning in week 40. Most of the other industries suffer losses for 2 to 3 weeks and then exhibit 
positive production gains for at least 3 weeks.  
24 
 
 
 
The Deepwater Horizon oil spill production losses, depicted in Figure 3, are evenly 
spread out among all the industries. The manufacturing industry shows losses beginning from 
week 3 till week 24 and constitutes for majority of the losses. The manufacturing, wholesale 
trade, professional services, and finance account for 72% of the total losses of which 38% 
belongs to the manufacturing sector alone, while ther rest individually account for 5% or less of 
the total losses. The concentration of the losses to four industries, eventhough the recovery times 
are similar, can be attributed to the large market caps of these industries which can be clearly 
observed with the finance industry. As discussed earlier, the mining sector and the mining sector 
begins to show losses from week 2 and has momentary gain in week 3 followed by loss and the 
transportation sector begins to show losses from week 3 onwards which resonates with Figure 
1a,b.   
Figure 2: 9/11 Terror attacks – Weekly production loss in billions of dollars 
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 The models suggest that Hurricane Sandy led to smaller production losses than the 
Deepwater Horizon oil spill. Industries generally recover within 9 to 12 weeks for Hurricane 
Sandy, but many industries do not recovery until 22 weeks after the Deepwater Horizon oil spill. 
The analysis does show a change in behavior of fits due to the financial recession that hit the 
United States economy from 2008 to 2009. Which could be the reason for a longer recovery as 
the Deepwater Horizon oil spill occurred recently after. During Hurricane Sandy, sectors like 
construction, manufacturing, finance, professional services, and government show higher losses 
as compared to the rest. These industries account for 73% of the total losses. The agriculture 
industry shows almost negligible losses due to the hurricane. The wholesale and retail trade 
industries show maximum losses in the same two weeks and then recovers within the next 5 
weeks which account for very less losses. Almost all industries show maximum losses in the 
Figure 3: Deepwater Horizon oil spill – Weekly production loss in billions of dollars 
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week 3 and 4 as in case of the retail and wholesale trade industries and then recover with 
comparatively lesser loss, which indicates an overall economy recovery after week 4.  
 
We compare the results of the deterministic model to other economic impact studies in 
order to assess the validity of this approach. Estimation of total losses in the gross domestic 
production 9/11 attacks range between $23 billion and $ 246 billion with an average total loss of 
$ 109 billion (Rose and Bloomberg, 2010). The deterministic estimation of $124 billion from the 
9/11 attacks aligns closely with these other estimates. Park et al. (2014) calculate that the 
Deepwater Horizon oil spill caused about $45 billion worth of damages to the oil, seafood, and 
tourism industries, and MacKenzie et al. (2016) estimate that the economic losses in the Gulf 
region ranged from $12 to $49 billion, depending on how resources were allocated to respond to 
the oil spill. The settlement for damages for BP may reach as much as $90 billion (Park et al., 
2014). The estimate of $106 billion in production losses for the Deepwater Horizon spill in this 
paper may be too high compared to these other studies although the study in this paper reflects 
Figure 4: Hurricane Sandy – Weekly production loss in billions of dollars 
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national rather than regional losses. According to a report from the U.S. Department of 
Commerce (2013), the economic impact of Hurricane Sandy was $84 billion. Whereas a private 
firm estimated losses from $30 to $50 billion (Holm and Scism 2012). Our paper estimates $52 
billion in losses for Hurricane Sandy, which is similar to these other studies. 
4.3 Stochastic model 
The deterministic model generates production losses for each industry from which total 
production losses can be calculated, but all of these numbers are expressed with certainty. 
Considering the assumptions embedded in the model, we should be cautious about expressing 
results with certainty. As presented in Equations (3) and (4), the stochastic model captures the 
standard error in the regression results and the correlation between the stock market indices to 
generate a multivariate random variable representing production losses in each week. The same 5 
stock market indices are used in the stochastic model as in the deterministic model. In this study 
the stochastic model, unlike the deterministic model, does not take into consideration any 
available stock market price after disruptions that have been analyzed. The regression 
calculations are performed beginning February 18, 2000 till September 12, 2001 for the 9/11 
attacks, May 27, 2002 till April 15, 2010 for the Deepwater Horizon oil spill, and May 27, 2002 
till October 25, 2012. The start dates are selected based on the availability of data.   
Ten thousand simulations are run to estimate losses for each industry for the three 
disruptions based on the stock market index. The method used to calculate the loss in production 
is similar to that of the deterministic model, by subtracting the simulated production from the 
production level in the time period when the disruption occurs. The detailed regression and 
covariance results are listed in appendix A which explains the relationships between the 
industries and the error values. A negative slope indicates inverse relations while higher the root 
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mean squared values, larger values are seen in the covariance matrix which denote large 
variability in the simulation. Figures 5, 6, and 7 depict the simulated results for each of the three 
disruptions. The 9/11 attacks do not include the transportation sector because no transportation 
stock market index was available in 2001. The recovery time for the 9/11 attacks ranges from 0 
to 120 weeks with most of the recovery times occurring in less than 20 weeks. These recovery 
times result in production losses on the order of hundreds of millions of dollars for mining and 
billions of dollars for utilities, information, and finance. 
However, scenarios occur when the industries do not recovery for more than 100 weeks, 
resulting in production losses on the order of tens of billions for utilities, information, and 
finance. Due to the correlation, if one of the industries experiences very long recovery times and 
severe production losses, it is more likely the other industries will also suffer severe production 
losses. The results for this analysis are presented in Table 5.  
Figure 5: 9/11 Attacks – Simulated production loss and recovery time 
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The magnitude of losses in during the 2001 attacks seem considerably low as compared 
to the more recent disruptions, this could be due to the market value of industries being lower 
than the recent times. 
Table 5: Predicted production losses and recovery time from stochastic model 
Figure 6 depicts the simulated loss in production and the time for recovery for the 
mining, utilities, transportation, and information industries after the Deepwater Horizon oil spill 
in 2010 and the probability of occurring.  
 
Sector 
9/11 Attacks Deepwater Horizon Oil Spill Hurricane Sandy 
Average 
Recovery 
Period 
(weeks)  
Average 
Production 
Loss 
(Million $) 
Average 
Recovery 
Period 
(weeks)  
Average 
Production 
Loss  
(Million $) 
Average 
Recovery 
Period 
(weeks)  
Average 
Production Loss  
(Million $) 
Mining 10.64 448 24.04 20,663 12.10 5,980 
Utilities 5.33 16,284 23.58 9,970 10.50 10,816 
Transportation -- -- 18.17 40,812 8.73 9,059 
Information 14.93 3,098 26.38 31,508 15.05 12,645 
Finance 6.45 3,476 -- -- -- -- 
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Figure 6: Deepwater Horizon oil spill – Simulated production loss and recovery time 
Loss in production 
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 The analysis of the finance sector shows irregular results in the regression fits, which is 
believed to be due to the financial recession that affected a sudden drop in stock market price in 
the years 2008 and 2009. Similar is the case with Hurricane Sandy. As both Deepwater Horizon 
oil spill and Hurricane Sandy occurred recently after the recession the results for this sector 
affected the production estimates by a large margin by producing large root mean squared error 
terms. The analysis of this sector caused unbalanced results in the stochastic model and hence 
have been omitted for the two disruptions.  
 As in case of the deterministic model the stochastic model shows that similar recovery 
times for the four industries, which are higher than Hurricane Sandy, even though both the 
disruptions were fairly regional calamities affecting the local economy. This could be caused as 
the economy was recovering from a recession at the time of the Deepwater Horizon oil spill.  
Similarly, Figure 7 represents stochastic results after the Hurricane Sandy and the results 
are documented in Table 5.  
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Figure 7: Hurricane Sandy – Simulated production loss and recovery time 
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These results indicate that the severity in terms of monetary losses of the Hurricane 
Sandy was much less than that of the Deepwater Horizon oil spill. The results from the 
stochastic model resonate with those of the deterministic model. Recovery periods, as in the 
deterministic model are in the range of 8 to 15 weeks and the losses seem to concentrated to few 
industries rather than the entire economy. 
5. Conclusion 
This study puts forth a model that aims at estimating direct and indirect losses due to 
disruptions in production or output of sectors of the economy. It makes use of the stock market 
as an indicator of the potential loss due to catastrophic events. The model has been divided into 
two sub – models: the deterministic approach and the stochastic approach. The deterministic 
model is based on linear relationships between the industry output and the stock market, and the 
stochastic model takes a step further by including variance in this relationship caused by the 
error in the regression analysis. Both these model have estimated the losses due to past 
disruptions with fair accuracy especially in the case of the 9/11 attacks and Hurricane Sandy.  
This model as a whole is beneficial in estimating economic losses due to a decrease in 
production levels based on rich data for output and growth trends in the stock markets. The use 
of a time based approach makes it unique as it enables the study of changes in production levels 
for each time period thus enabling industries to adjust their approach. The results of this analysis 
are obtained in monetary terms which are easy to understand and universal for any organization. 
Also, it benefits simplified comparisons between losses due to different disruptions and 
industries and the use of the same metrics for these studies helps to find striking resemblances 
and disparities among disruptions and industrial response.  
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Few assumptions are made while formulating the model, of which the main assumption is 
the belief that the stock market prices are a reflection of the production or output of an industry. 
Even though few studies discussed earlier have established this relationship it is not evident in all 
cases of an economy. Another assumption is the use of annual gross output values to estimate the 
weekly production values by dividing them equally. This assumption is not applicable to the real 
world as production values fluctuate on a daily basis and cannot be constant over a period of one 
year, but the assumption can be eliminated with the use rich data from industries. A third 
assumption for defining recovery in the model has been made, it is assumed that recovery occurs 
after the production level is above the base level before the disruption for three time periods 
(weeks). This assumption changes the loss estimates and can be observed clearly in case of the 
9/11 attacks where a lower recovery period would have reduced the estimated recovery time and 
loss by a large margin. These assumptions can be realistically tackled with rich data from 
industries and insight from stakeholders.  
Further studies or extensions to the model could include the use of this model along with 
models that predict the stock prices in the future so as make accurate forecasts of production in 
the near future even if the actual stock market price is unknown. Studies like Ping-Feng and 
Chih-Sheng (2005) make use of the ARIMA model to predict stock prices, Hassan and Nath 
(2005) discussed the use of hidden Markov models (HMM) to predict stock prices of interrelated 
sectors, or studies like Cao, et al. (2005) which make use of univariate and multivariate neural 
network model to predict stock market prices in the Shanghai stock exchange could provide as a 
base for incorporating a stock price predictive model along with the model presented in this 
study. Further studies can also include methods to enhance the correlation between stock prices 
and production by analyzing effects of disruptions to specific entities or organizations. The 
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process can be streamlined to suit specific needs of organizations based on the thoughts of 
stakeholders. Another avenue to explore with the model would be to study the methods to 
influence the results of the model with those of the IO model so as to capture the 
interdependency of the economy while maintaining the dynamic nature of this model.  
This paper introduces a new concept to study the economic impacts of disruptions and 
helps understand the dynamic behavior of industrial losses. Applications of this model can be 
wide spread for the government as well as the private sector. The model can provide as a 
decision making tool for the stakeholders and thus enable better allocation of resources towards 
post disaster recovery efforts. An example for such resource allocation could be that if the 
government allows taxation breaks or policy relaxation for certain period of time to sectors that 
are highly interdependent and cause a ripple effect in the economy, the recovery of the entire 
economy could be expedited. The model can also provide as a forecasting tool for preventive 
resource allocation by simulating potential disasters. The dynamic or time based approach is 
essential whilst dealing with disasters, as it extremely important to initiate recovery plans in 
order to reduce the total loss. Such a model would be helpful in simulating data for recovery 
plans and prioritizing multiple recovery efforts to reduce the total impact.  
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CHAPTER 3.  CONCLUSION 
 
 This study presents a model that will significantly improve decision making techniques 
and enable industries or governments to expedite recovery by providing rich and informative 
data, efficient resource allocation, and support decision making. The preceding chapter discusses 
in detail the formulation, case studies and associated results for the proposed model. Even though 
there have been multiple models that measure the impacts of disruptions, this model helps in 
understanding the ripple effect and time based impacts to industries. Stock markets have been 
known to represent the interpretation of an industry’s growth or loss through a point of view of 
the investors, who rely on news about the fundamentals like the real activity. It is evident that 
managers make decisions based on the stock market position of the company as a feedback of 
their performance (Rappaport, A., 1987). Studies discussed in the previous chapter, and the 
presented analysis that the stock market is a correlated variable reflecting the industrial output.  
 The model acts as an essential tool for stakeholders in various ways. It can be used as a 
predicting tool during disruptions to quantify the effects of losses incurred or the possibility of 
losses. It can be used as a feedback tool to make sure that bearish trends are reversed in scenarios 
where corrective action is placed. A time based study like this can enable quick decision making 
thus reducing losses. Losses due to disruptions are increasing in the recent past and it essential to 
manage the available scarce resources to their best potential in order to reduce these losses. The 
risk of any organization getting affected by the increasing number of threats is also increasing 
and it is essential that these organizations make efforts towards reduction of this risk. Risk 
mitigation can be done by a preventive measures and plans for disaster preparedness. This model 
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can be used to study possible effects of events that may happen in the future which might affect 
the supply and/or demand of goods produced or services rendered. According to Kristalina 
Georgieva, the European Commissioner for Humanitarian Aid and Crisis Response, suggested 
that as of 2014 of all the investment made towards natural disasters, a mere 4% is used for 
preventive measures while the rest is used for recovery (Associated Press, 2014). Such a model 
can be used towards balancing out this disparity in investment and reduce the effects by 
analyzing pseudo disruptions closely linked with the industry. She also suggests that any 
investment made towards preventive measures for losses due to disruptions provides minimum 
savings of four times the investment (Associated Press, 2014). Which makes it evident that 
studies like this can help in better analysis and distribution of resources and reduce risk of loss.  
 Future scope of the study could be to reduce the discrepancies in the data to achieve 
better predictions. Pilot studies with real time data of production output and stock prices from 
industries and their suppliers and customers could help as a proof of concept. Further studies can 
be made to find the optimum time periods to analyze the effects of disruptions and optimize the 
results of the model.  
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APPENDIX STOCHASTIC MODEL PARAMETERS 
The parameters estimated from the stochastic model have been listed below for each of the 
disruptions analyzed. Negative slopes indicate inverse relations.  
1. 9/11 attacks 
Regression estimates: 
Sector Slope Intercept RMSE 
Mining -0.39 2864.40 20.58 
Utilities 6.98 5089.40 658.21 
Information  -0.73 20174.00 120.30 
Finance 17.00 55062.00 832.73 
Covariance matrix:  
423.49 11243.37 -946.29 12143.94 
11243.37 433235.11 -35459.45 412609.81 
-946.29 -35459.45 14471.79 -54820.40 
12143.94 412609.81 -54820.40 693446.54 
2. Deepwater Horizon oil spill 
Regression estimates: 
Sector Slope Intercept RMSE 
Mining 8.19 1419.00 759.79 
Utilities 8.84 4378.30 492.39 
Transportation 36.25 9667.90 1452.00 
Information 9.92 17241.00 1096.50 
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Covariance matrix:  
577281.87 355986.13 753776.48 664295.68 
355986.13 242452.54 565617.78 445067.25 
753776.48 565617.78 2108166.65 1210361.53 
664295.68 445067.25 1210361.53 1202392.79 
3. Hurricane Sandy  
Regression estimates: 
Sector Slope Intercept RMSE 
Mining 8.29 1415.30 682.93 
Utilities 7.36 4808.40 589.93 
Transportation 44.51 8977.70 1574.70 
Information 13.36 15726.00 1059.10 
Covariance matrix:  
466397.07 373102.12 782570.83 592851.53 
373102.12 348020.20 733629.38 472670.60 
782570.83 733629.38 2479826.70 1201578.88 
592851.53 472670.60 1201578.88 1121599.50 
 
 
 
